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Efficient and effective lifelong learning requires that learners can make well informed choices from a vast 
amount of learning opportunities. This paper suggests helping learners find their way drawing on principles of 
self-organisation and indirect social navigation; by analysing choices made by learners who went before and 
feeding this information back as advice to present learners. The paper describes results from testing a tool, 
developed to offer indirect social navigation through collaborative filtering, in a controlled experiment. 
Positive effects were found on effectiveness (progress and completion rates) though not on efficiency (time 
taken to complete and learners’ perception of learning track efficiency). Learners in the experimental group 
were not faster at completing all available units of learning nor did they evaluate learning track efficiency 
more positively. Responses to the question evaluating learning track efficiency, measured on a five point 
scale, seemed to indicate a dichotomy rather than an ordinal scale. Learners stated either that studying the 
units of learning in a different order might have led to increased understanding of the content or that a 
different order would not have led to greater efficiency. They hardly ever felt sure that a different order 
would’ve led to a better understanding. Analysing this dichotomy in relation to learning track characteristics 
and learners’ background characteristics by means of the decision tree induction data mining technique, 
revealed that a small subset of navigational choices performed well in discriminating between a positive 
evaluation on one hand and doubts regarding the efficiency of the learning track on the other hand. These 
results suggest that positive effects for effectiveness might be fruitfully extended by positive effects for 
efficiency, by using learners’ overall evaluations of learning tracks to derive decision rules to be incorporated 
into the advice.  
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1. Indirect Social Navigation  
Determining a path through education can prove challenging to an extend that it results in lack of progress or 
even drop-out (Bean & Metzner, 1985; Kember, 1990; Yorke, 1999; Rovai, 2003; Simpson, 2004). In lifelong 
learning, where learning opportunities reach beyond institutional boundaries, traditional approaches to 
navigational support like pre-planned routes are inadequate. The concept of Learning Networks (Koper, 
Rusman & Sloep, 2005) addresses facilitation of lifelong learning. Learning Networks (LNs) are self-
organised, distributed eLearning systems designed to facilitate learner controlled lifelong learning. Self-
organised means that organisational structures evolve bottom up, from the actions and interactions of 
individuals, rather than being pre-defined. The Network contains units of learning offered by different 
                                                 
* Corresponding author. Email: jja@ou.nl 
educational providers, directed towards attainment of a certain competence level. To attain a certain level of 
competence different paths can be followed through these offerings. So what path best to follow through the 
units of learning that have to be completed in order to achieve the desired competence level? Alternatives to 
one-to-one advice and pre-planned routes for navigational support can be sought in several directions 
(Tattersall, Manderveld, Van den Berg, Van Es, Janssen & Koper, 2005). Social navigation, e.g. presentation 
of student views (Simpson, 2004), is one of the alternatives. However, social filtering systems using explicit 
ratings require a large number of ratings to remain viable and users might consider it too much of a burden to 
rate units of learning (Nichols, 1997). A way to avoid this is to rely on indirect social navigation, a concept 
closely related to the principle of self-organisation.  
For self-organisation to occur, actors have to have a high level of interactivity and access to feedback 
concerning the performance of similar others in the network (Koper, 2005). This does not necessarily require 
direct interaction: traces left and modifications made by individuals in their environment can provide indirect 
feedback (Theraulaz & Bonabeau, 1999). Where Rovai (2003) states that “other students, staff, and faculty 
may not be readily accessible that can provide students with the information that they seek”, using indirect 
feedback might help bridge the gap: other students may be consulted as a source of information, albeit 
indirectly. Similar to collaborative filtering used in recommender systems (Pennock & Horvitz, 1999), our 
approach exploits information on former user behaviour to make a recommendation to a presently active user. 
In our study, learners were offered feedback regarding the best next step, based on the number of times a unit 
of learning had been successfully completed. A unit of learning was successfully completed when a learner 
passed the associated assessment. In order to feedback this information, a collective log of learner interactions 
is used as described in Tattersall et al. (2005). The feedback is calculated as follows: if a unit of learning ‘Y’ 
has been completed by 10 learners and 4 of those learners went on to successfully complete ‘X’, whereas 2 
went on to successfully complete ‘Z’, the advice for the next best step to a learner who has just completed ‘Y’ 
as a first node, will be a random draw from the set {X, X, X, X, Z, Z}. Taking a random draw ensures that the 
most frequently completed unit of learning is most likely to be recommended, while leaving room for other 
successfully completed units of learning to be recommended as well, thereby avoiding sub optimal 
convergence to a single next step (Koper, 2005).  
We expect that the navigation tool will enhance both effectiveness (i.e. producing the desired effect) and 
efficiency (i.e. producing the desired effect with a minimum of effort) in LNs because offering more learner 
centred (i.e. related to learner’s present position) planning information will facilitate planning decisions and 
reduce the risk of information overload. Moreover, as the feedback draws on successful next steps, we expect 
learners to make better choices based on ‘tried and tested’ sequences. The impact of offering this feedback on 
effectiveness and efficiency has been tested in a true experiment (Ross & Morrison, 1996). Effectiveness was 
considered in two respects: the amount of progress made and goal attainment (Janssen, Tattersall, Waterink, 
Van den Berg, van Es, Bolman & Koper, in press). Efficiency was defined ‘objectively’ as the time taken to 
attain the goal, as well as ‘subjectively’ in terms of learners’ retrospective evaluation of learning track 
efficiency (i.e. do they think studying the units of learning in a different order would’ve led to a better 
understanding of the content?).  
2. Method 
The navigation tool was deployed in a Learning Network consisting of eleven units of learning, delivered on-
line on the subject of the Internet. Participation in the LN was free for the target group of adult learners who 
have some experience with Internet (surfing the web and using email) and who face questions like: How safe 
is it to buy things on the Web? How to search for information on the Web? Participants were randomly 
assigned to an experimental group that was offered feedback and a control group that proceeded through the 
Learning Network without any feedback.  
In order to encourage goal attainment completion of all eleven units within the three months experimental 
period was rewarded with a certificate. An e-mail newsletter was sent as a reminder of the closing date, ten 
days prior to the end of the experimental period. 
The LN was created in Moodle (Dougiamas, 2004) and modified so that an overview of the units of learning 
was available to all learners listing completed and to be completed units of learning separately. For learners in 
the experimental group the overview additionally showed an advice: “Continue with: [the best next step, 
based on successful choices of other learners]”. Like participants in the control group, learners in the 
experimental group were told they could study the units of learning in any order but were advised to follow 
the recommendation. Figure 1 shows the overview for a learner in the experimental group.  
 
 
 
Figure 1. Overview for a learner in the experimental group 
 
The order of the list of units of learning still to be completed was reshuffled each time the page was viewed so 
that there would be no effect in the sequencing of units of learning due to the presentation in a fixed list. A 
group of 1011 people enrolled and were randomly assigned to either experimental group or control group. 
However, 20% never actually visited the website. They were excluded from the study, leaving a group of 808 
learners who visited the course site: 398 in the control group and 410 in the experimental group. A total 
number of 773 learners subsequently enrolled in at least one unit of learning. Learners in both groups were 
asked to fill in a questionnaire directed at gathering information on learners’ background characteristics (age, 
gender, educational level and computer skills) and at retrospective evaluation of the learning track.  
3. Analyses 
The effect of the feedback offered on the amount of progress made was measured through multivariate 
analysis of variance for repeated measures (Tabachnick & Fidell, 2001). The average number of completed 
units of learning was measured four times at three weekly intervals. The effect on goal attainment was tested 
comparing the proportion of learners having completed all 11 units of learning at the end of the experimental 
period in both groups using a c2 test. The effect of the feedback tool on time taken to complete 11 units was 
tested using a t-test comparing the average time in both groups. The time taken to complete was measured by 
counting the number of days between initial login and completion of the final unit of learning. Finally, 
learners’ evaluation of the learning track was compared for both groups using a t-test comparing average 
answers (on a five point scale) to the following question: “In hindsight, do you think studying the units of 
learning in a different order would have led to a better understanding of the contents”? This final analysis was 
performed solely on data from learners who completed all eleven units-of-learning in order to make sure the 
evaluations are compared on the same grounds, i.e. knowledge of all available units of learning. 
4. Results 
4.1. Progress 
The overall completed units of learning over time was denoted by a significant positive linear trend 
(F(1,806)=586.91, p<..001) and a significant positive quadratic trend (F(1,806)=10.55, p<.001). But a 
significant effect of group on the quadratic trend was found (F(1,806) = 4.96, p < .05). Simple effects analysis 
showed that in the experimental group progress developed along a straight line, whereas in the control group 
the amount of progress made accelerated towards the end. Figure 2 illustrates how the average number of 
completed units of learning is consistently higher in the experimental group except for the final measurement. 
 
 
 
Figure 2. Average number of completed units of learning (Y axis) at four successive moments (X axis) for experimental 
and control group 
 
This shift towards the end may have been influenced by the intervention of reminding learners of the course 
deadline ten days prior to the end of the experiment. To test whether this intervention may have had an 
unintended and different impact for both groups, a repeated measurement analysis was performed for the last 
three weeks showing that the intervention indeed only had an effect for the control group (Janssen, Tattersall, 
Waterink, Van den Berg, van Es, Bolman & Koper, in press). Subsequent analyses corrected for the 
unexpected and unequal effect of the course deadline reminder and showed a significant effect for group 
(F(1,806) = 4.32, p <.05) on the number of units of learning completed, indicating that the amount of progress 
made by learners in the experimental group was significantly higher over the period up to the intervention. 
4.2. Goal attainment 
Results for goal attainment immediately prior to the intervention showed a significantly higher percentage of 
learners completing all 11 units of learning in the experimental group (40,2%) than in the control group 
(33,4%) (c2 = 4.04, df = 2, p < 0.05). 
4.3. Time taken to complete 
Regarding the objective measure of efficiency, indicated by the time taken to complete all 11 units, no effects 
were found. At the point of intervention, the average number of days elapsed between enrolment for the first 
unit of learning and completion of the 11th unit of learning was 36.49 in the experimental group, compared to 
38.96 in the control group. Although learners in the experimental group reached the goal in fewer days, a t-
test comparing these means (equal variances assumed) shows that this difference is not significant. 
4.4. Learners’ evaluation of learning track efficiency 
For reasons explained in section 3, learning track evaluation was compared only for those learners within the 
control group and experimental group who completed all eleven units of learning (n=298; response 64%). A t-
test comparing average scores of both groups (equal variances assumed) reveals there’s no significant 
difference in learning track evaluations between the control group and experimental group. Table 1 gives an 
overview of the responses within both groups. Though few of the learners completing all 11 units of learning 
are certain that different navigational choices might have been better, a considerable proportion of the learners 
within both groups doubt the efficiency of the learning track. In fact the results from table 1 seem to suggest a 
dichotomy between ‘confidence’ and ‘doubt’, rather than a five-point ordinal scale. This gives rise to the 
question what causes the ‘divide’ between these two categories. Are they related to actual navigational 
choices, or can they be explained from background characteristics like age, educational level, gender and 
computer skills? 
 
Table 1. Learners’ evaluation of learning track efficiency in the control 
group and the experimental group (%) 
Group 
 
 
Different order  better 
understanding ? Controla Experimentalb 
Most certainly 0 1 
Certainly 4 2 
Maybe 34 43 
Certainly not 56 44 
Most certainly not 6 10 
a n=85  
bn=107.  
 
To further explore these relations we used a data mining technique called decision tree induction. Data mining 
can be defined as the process of (semi-) automated discovery of non-trivial, previously unknown, and 
potentially useful patterns embedded in databases (Kamber, Winstone, Wan Gong, Shan Cheng & Jiawei Han, 
1997; Witten & Frank, 2005). Decision tree induction was chosen because tree methods are exploratory, non-
parametric, easy to understand and intuitively appealing (Murthy, 1998). To gain insight in patterns embedded 
in the data of our study, navigational choices as revealed by the learning track (the sequence of completed 
units of learning), were expressed as a set of variables indicating binary preferences (Fürnkranz & 
Hüllermeier, 2003). For every learner a set of variables was derived from the learning track indicating for 
each pair of units of learning which one was completed before the other.  So if a learner has completed unit of 
learning X before Y the variable (“attribute” in machine learning terminology) XY receives the value 1. 
Otherwise, if X was completed after completing Y, the value is 0. In other words: attribute names indicate an 
order between two units which is scored either true (1) or false (0). In this study, where learning tracks of 
consist of 11 units, a total of 55 variables (10+9+8+7+6+5+4+3+2+1) was required to describe all binary 
preferences.  
Initial attribute selection followed by tree induction using the J4.8 algorithm (Witten & Frank, 2005) with 10-
fold cross-validation resulted in a tree with two nodes, both involving navigational preferences, as shown in 
figure 3.  
 
 
Figure 3. Decision tree visualisation 
 
The accuracy of this model as expressed in the percentage correctly classified instances is 68.75%. The model 
says (‘predicts’) that learners who have completed unit 6 - ‘Web searching’ - prior to unit 7 - ‘Interesting and 
pleasant sites’ - (indicated in figure 3 by the branch leaving node 6p7 saying >0) will be classified as positive 
regarding learning track efficiency (indicated by the score 1.0 in the leave). Numbers in brackets in the leave 
next to the classifier score indicate the accuracy of the rule for the data at hand: applying the rule on the 
present data set results in 113 learners being classified as ‘positive’, which is incorrect for 35 of them, who 
actually indicated to have doubts regarding learning track efficiency. Otherwise, the model says, if learners 
have completed unit 7 prior to unit 6 AND completed unit 9 - ‘Making a personal web page’ - prior to unit 11 
- ‘Worms and horses’ - will be classified as ‘positive’, which for the data at hand would be an incorrect 
classification 6 out of 20 times. Alternatively, if learners completed unit 7 before unit 6 and 11 before 9 they 
will be classified as having doubts concerning learning track efficiency, which would be incorrect 19 times 
out of 59 instances. Summarizing these results in terms of recommendations to learners, would lead to the 
advice to complete unit 6 before unit 7 and in case unit 7 is completed before unit 6, to complete unit 9 before 
unit 11. Whereas there was no reason to assume intrinsic dependencies between these units of learning (if 
there had been they would have been presented as a sequence from the start), patterns in the data suggest that 
studying them in a certain order is (perceived as) more efficient.  
5. Conclusions and discussion  
The navigational support tool tested in this study aimed to enhance effectiveness and efficiency in lifelong 
learning by feeding back information on successful next steps of learners who went before. Significant effects 
were found on effectiveness (progress and completion), though not on efficiency (time taken to complete and 
learners’ evaluation of the learning track). The use of a rather crude measure of efficiency (elapsed time rather 
than actual study time) may mask significant differences in efficiency between the groups. Subsequent work 
would benefit from a more accurate measurement of study time. Time investments, however, are only one 
aspect of efficiency in learning. Another aspect is the sequencing of units of learning in relation to learning 
outcomes. To gain insight in this aspect of efficiency learners were asked retrospectively to make up the 
balance and indicate whether they think studying the units in a different order might have resulted in better 
understanding of the content. Using the navigation tool did not appear to have an impact in this respect: 
learners using the navigation tool were not significantly more positive about learning track efficiency than 
learners in the control group. Further exploration of the data revealed that a small subset of navigational 
preferences could help to predict whether learners are positive about learning track efficiency. These results 
suggest that indirect social navigation as deployed by the tool tested in this study might gain from 
incorporating learners´ evaluations of learning track efficiency. Such an extension seems feasible since it 
doesn’t require of learners to rate all units of learning. 
Decision tree induction and other machine learning techniques can contribute in deciding on the feedback to 
use in order to enhance self-organisation. The example in this study is fairly simple and only indicative of 
how techniques like decision tree induction can help identify important crossroads on learners’ lifelong 
learning paths. Against this background, lifelong learning paths, a final remark involves the fact that the 
navigation support tool was tested in a rather small and static Learning Network while in reality LNs are 
dynamic: courses will be added, deleted and changed. A challenge for further research will be to integrate 
these dynamical aspects in the system.  
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